Bradford JC, Lukos JR, Ferris DP. Electrocortical activity distinguishes between uphill and level walking in humans. J Neurophysiol 115: 958 -966, 2016. First published December 16, 2015 doi:10.1152/jn.00089.2015.-The objective of this study was to determine if electrocortical activity is different between walking on an incline compared with level surface. Subjects walked on a treadmill at 0% and 15% grades for 30 min while we recorded electroencephalography (EEG). We used independent component (IC) analysis to parse EEG signals into maximally independent sources and then computed dipole estimations for each IC. We clustered cortical source ICs and analyzed event-related spectral perturbations synchronized to gait events. Theta power fluctuated across the gait cycle for both conditions, but was greater during incline walking in the anterior cingulate, sensorimotor and posterior parietal clusters. We found greater gamma power during level walking in the left sensorimotor and anterior cingulate clusters. We also found distinct alpha and beta fluctuations, depending on the phase of the gait cycle for the left and right sensorimotor cortices, indicating cortical lateralization for both walking conditions. We validated the results by isolating movement artifact. We found that the frequency activation patterns of the artifact were different than the actual EEG data, providing evidence that the differences between walking conditions were cortically driven rather than a residual artifact of the experiment. These findings suggest that the locomotor pattern adjustments necessary to walk on an incline compared with level surface may require supraspinal input, especially from the left sensorimotor cortex, anterior cingulate, and posterior parietal areas. These results are a promising step toward the use of EEG as a feed-forward control signal for ambulatory brain-computer interface technologies.
THERE HAS BEEN A RECENT SURGE in the use of electroencephalography (EEG) to study human brain function during human locomotion (Bulea et al. 2015; Cheron et al. 2012; Gwin et al. 2011; Haefeli et al. 2011; Kline et al. 2014; Lau et al. 2014; Petersen et al. 2012; Presacco et al. 2011; Seeber et al. 2014; Sipp et al. 2013; Wagner et al. 2012) . Several studies have shown that electrocortical activity varies based on the locomotor task being performed (Bulea et al. 2015; Haefeli et al. 2011; Presacco et al. 2011; Sipp et al. 2013; Wagner et al. 2012) . For example, compared with regular treadmill walking, narrow beam walking has greater theta spectral power in the dorsolateral prefrontal, anterior cingulate, right and medial sensorimotor cortices and reduced alpha-and beta-band power in the left and right sensorimotor cortices (Sipp et al. 2013 ). In addition, theta spectral power increased even more during loss of balance when subjects stepped off the beam. In another study, researchers found reduced alpha-and beta-band spectral power in the somatosensory, left motor, and right motor cortices during active stepping in a robotic device compared with pure passive stepping with the device (Wagner et al. 2012) . The same group found that that alpha, beta, and lower gamma spectral power in premotor and parietal cortices was suppressed during conditions that required an adaptation of steps in a robotic gait trainer in response to visual input. More recently, Bulea et al. (2015) found decreased alpha spectral power in the left motor, right motor, and posterior parietal cortices when subjects walked on a user-driven treadmill compared with a standard treadmill. Power in the low gamma-band in the prefrontal, sensorimotor, and posterior parietal regions was increased when subjects walked on the user-driven treadmill as well. They also found that increasing walking speed decreased alpha spectral power in the left motor and posterior parietal cortices and decreased beta-band in the posterior parietal cortices. Overall, these studies demonstrated greater cortical involvement (e.g., suppressed alpha and beta power), particularly in the sensorimotor regions during more demanding walking tasks (e.g., walking on a balance beam, speed matching tasks) compared with normal treadmill walking. Another commonality among the studies was greater theta power in sensorimotor regions during more demanding walking compared with normal treadmill walking.
A simple but common change in real world locomotion is the slope of the surface. Walking up an incline requires greater mechanical work output and an increase in muscle activation of the lower limb extensor muscles compared with walking on a level surface (Franz and Kram 2012; Gottschall and Kram 2006; Lay et al. 2006 Lay et al. , 2007 Prentice et al. 2004; Sawicki and Ferris 2009 ). In addition, there are also changes in kinematics, such as changes in posture to reorient the body to gravity and increased joint flexion at initial contact (Gottschall and Nichols 2011) . Neurophysiological studies have indicated that much of the neural adjustment necessary for incline walking compared with level walking may occur at subcortical levels. Group Ia, Ib, and II afferents initiate spinally-mediated changes in muscle recruitment levels of the lower limb extensor muscles based on the biomechanical load on the limbs to aid in walking on an inclined surface (Schneider et al. 2000; Simonsen et al. 1995; Sinkjaer et al. 1996) . Feline studies investigating single-cell recordings directly from the cortex have found only small differences in cortical neuronal spiking between incline walk-ing and level walking (Armstrong and Drew 1984; Beloozerova and Sirota 1993) . The net suggestion of the research is that the cortex does not need to change much in terms of neural control for incline walking compared with level walking, despite the biomechanical and muscle differences.
One potential long-term application of EEG during walking is to provide feed-forward control signals for robotic exoskeletons and powered prostheses by capturing either volitional or naturally occurring EEG activity Do et al. 2013; Kilicarslan et al. 2013; Kwak et al. 2015; Salazar-Varas et al. 2015; Servick and Nicolelis 2014) . The goal of the present study was to determine if high-density EEG could detect differences in electrocortical activity between incline walking and level walking. Based on previous ambulatory EEG findings, we expected to find differences in the cortical activity between incline and level walking. Specifically, we hypothesized that 1) alpha and beta power in sensorimotor cortices would be depressed; and 2) theta power in anterior cingulate, sensorimotor, and posterior parietal cortices would be greater, when walking on the incline compared with walking on the level in healthy young subjects.
METHODS

Participants
Twenty subjects participated in this study (12 men; age 23.1 Ϯ 3.9 yr). Subjects had no neurological or orthopedic impairments and were in good physical shape such that they could walk on a treadmill for 1 h without issue. Prior to testing, all subjects signed an informed consent document approved by the human subject Institutional Review Board of the University of Michigan.
Experimental Setup
EMG. We recorded electromyography (EMG) with bipolar surface electrodes (sampling rate: 1,000 Hz; Biometrics, Ladysmith, VA) placed over the muscle belly of the tibialis anterior, medial gastrocnemius, soleus, biceps femoris, rectus femoris, and gluteus maximus muscles of the right leg, using the recommended procedures of Delagi and Perotto (1980) . The interelectrode distance was 2.0 cm, and electrode diameters were 1.0 cm. The EMG amplifier had a bandwidth of 20 -460 Hz.
EEG. We recorded EEG with a 264-channel active electrode array (sampling rate: 512 Hz; ActiveTwo, Biosemi; Amsterdam, The Netherlands). We placed the cap, containing 256 electrode sockets, on the subject's head such that the A1 electrode was placed at the intersection of the sagittal and frontal axis midline. We placed eight additional sensors on the neck of the subject to record neck muscle activity. Next we used a sonic digitizer (Zebris, Isny, Germany) to digitize the position of each of the 256 sensors of the electrode cap and the positions of the 8 neck sensors relative to anatomical landmarks (nasion, left and right preauricular points) of that subject. We applied conductive gel underneath each sensor and ensured electrode offsets were below 20 mV, as is recommended by the Biosemi user manual for optimal data quality. Subjects then wore a backpack, which held the EEG amplifier and battery (ϳ1.5 kg), such that only a fiber-optic cable connected the subject to the data collection computer.
Instrumented treadmill. Subjects walked on an instrumented, splitbelt treadmill (sampling rate: 1,000 Hz; Bertec, Columbus, OH), which was composed of separate belts for the left and right side of the walking surface. Each side was equipped with separate force transducers that allowed for the collection of 6 degree of freedom ground reaction forces from the left and right foot separately.
Protocol
Subjects walked for a total of 1 h at 0.75 m/s. Subjects alternately walked in 7.5-min blocks of time at 0% grade and at 15% grade, for a total of 30 min at each condition. We counterbalanced the order of incline and flat intervals across subjects. We chose this speed and the two slopes to yield substantive changes in muscle activity between the two slopes while also minimizing the potential for fatigue (Franz and Kram 2012) . To further limit fatigue, subjects rested between each of the 7.5-min intervals. To minimize muscle and movement artifact in the EEG data, we instructed subjects to restrain from unnecessary movements (e.g., jaw clenching, eye blinking) and to fixate on a spot on the wall straight ahead while they walked.
Data Processing
We synchronized data streams (i.e., EMG, EEG, ground reaction forces) by sending a 0.5-Hz square-wave signal to all systems simultaneously. We verified data alignment offline after each participant, and we downsampled EMG and force plate data to 512 Hz to align with the EEG output.
Gait cycle events. We determined gait cycle events using vertical ground reaction forces obtained from the instrumented treadmill. Using standard gait event thresholds (Kersting 2011; Sinclair et al. 2013; Zeni et al. 2008 ), when force exceeded or dropped below 15 N, we marked heel strike or toe off, respectively, for the left and right foot separately. There were four distinct gait events: right heel strike (RHS), right toe off (RTO), left heel strike (LHS), and left toe off (LTO). Any gait cycle event occurring outside 3 SDs from the mean time of its cycle period was considered an outlier and was not included in further analyses. One subject had 10-fold more bad events than the other subjects due to walking with crossover steps on the treadmill belts. As a result, we did not include that subject's data in further analysis.
EMG. We high-pass filtered (20 Hz cut-off frequency, fourth-order Butterworth filter, zero-lag) and full-wave rectified the EMG signals. We normalized the data for each muscle to the average peak activation of the muscle activity collapsed over incline and level walking conditions. A 6-Hz low-pass filter (fourth-order Butterworth filter, zero-lag) was then applied to compute the linear envelope. We calculated normalized gait cycle events starting and ending with RHS, as determined from the ground reaction forces. We then computed the average and SD of the EMG at each time point for every subject, separately for each condition. For some subjects, movement and sweat led to an inability to record EMG for all muscles throughout the data collection. The number of subjects used for each muscle was soleus (N ϭ 19), tibialis anterior (N ϭ 19), medial gastrocnemius (N ϭ 19), rectus femoris (N ϭ 18), biceps femoris (N ϭ 10), and gluteus maximus (N ϭ 16). We performed paired sample t-tests on the normalized peak amplitude for each muscle to assess significant differences across the level and incline walking conditions (P Ͻ 0.05).
EEG cortical source localization. We processed EEG data as described previously by Gwin et al. (2010 Gwin et al. ( , 2011 . Briefly, we removed bad channels using standard statistical thresholds (i.e., range, SD, kurtosis) and applied adaptive mixture independent component analysis (AMICA) (Palmer et al. 2006 (Palmer et al. , 2008 to the cleaned channel time series (227.1 Ϯ 19 good channels/subject) to parse the data into spatially fixed, maximally temporally independent component (IC) signals (Makeig et al. 1996) . The DIPFIT function in EEGLAB (Oostenveld and Oostendorp 2002) modeled each IC as an equivalent current dipole within a boundary element head model based on the Montreal Neurological Institute standard brain (Quebec). We removed ICs from further analysis if their best-fit equivalent current dipole accounted for less than 85% of the variance seen at the scalp ), or if their scalp map or spectra were indicative of an eye or muscle artifact (Jung et al. 2000a (Jung et al. , 2000b .
EEG group analyses.
We clustered 342 ICs from 19 subjects using a k-means clustering algorithm available in EEGLAB on vectors jointly coding similarities in dipole location, scalp topography, and frequency spectra Jung et al. 2001 ) and set the number of clusters to 12 to agree with previous studies from our lab Gwin and Ferris 2012; Sipp et al. 2013) . Five of the 12 clusters were located in cortical areas that were the most relevant for the locomotor task and were similar to those found in previous studies Sipp et al. 2013) : anterior cingulate (17 ICs, 7 subjects), medial sensorimotor (41 ICs, 12 subjects), left sensorimotor (25 ICs, 10 subjects), right sensorimotor (28 ICs, 12 subjects), and posterior parietal (48 ICs, 16 subjects). Thus all further analyses were performed only on these clusters of interest. Localization of all ICs and associated clusters used for analysis are displayed in Fig. 2A . We computed log power spectra for level and incline walking for each cluster using a Wilcoxon (rank-sum) test to evaluate mean power differences between conditions within a moving 2-Hz frequency window (␣ ϭ 0.05).
We epoched the data at each RHS to produce discrete gait cycle trials across the experiment. For each gait cycle, we computed spectral power for each IC. The single-trial spectrograms were time-locked to the subsequent gait events (i.e., LHS, RTO, LTO) and linearly time warped so each gait event occurred at the same latency in every trial Makeig 1993) . This allowed us to examine time-sensitive cortical activity changes related to gait events, despite inter-and intrasubject variability in trial time. We subtracted the baseline, calculated as the average log spectrum across all gait cycles for both conditions, from the log spectrum for each individual gait cycle, to allow spectral changes across the gait cycle to be easily visualized. These analyses, showing spectral change from baseline, are referred to as event-related spectral perturbations (ERSPs) . We averaged the ERSP plots across each IC in each cluster to make a grand mean ERSP for each cluster for level and incline conditions separately and for the difference between the conditions. Regions of significant difference from baseline frequency power across the gait cycle (P Ͻ 0.05) were determined using a 200-iteration bootstrapping method available in EEGLAB (Delorme and Makeig 2004 ) separately for level, incline, and the difference between level and incline. Note that, for the ERSP spectrum visualizations, data were significance masked, meaning all nonsignificant regions were set to zero. Average relative timing of spectral power fluctuations were computed for each electrocortical source in the theta (4 -7 Hz), alpha (8 -13 Hz), beta (14 -20 Hz), low gamma (21-55) and high gamma (65-150 Hz) frequency bands.
Artifact Experiment
To assess the potential impact of motion artifact on the interpretation of our EEG results, we ran a follow-up experiment using a recently developed experimental method to isolate the motion artifact during level and incline walking on 5 of our 20 subjects. Using the same methods as described in detail by Kline et al. (2015) , we placed a nonconductive silicone swim cap on the subject's head, which fit tight against the subject's skin and was used to block physiological signals from propagating to the electrodes. We used a wig coated with conductive gel to simulate the conductive scalp and hair interface. The EEG cap then covered the simulated scalp, and we applied the electrodes as would typically be done in a normal EEG study. This setup blocks physiological signals, such as electrical activity from the brain, but still allows for measuring the signal due to movement artifact (Kline et al. 2015) . Each subject walked on the treadmill with this setup under the exact same conditions and duration as the original data collection. We refer to the data recorded under this protocol, which used the same Biosemi ActiveTwo system, as "motion artifact data," as opposed to EEG data, since no brain activity was measured.
We applied the same filtering, channel rejection, and gait cycle epoching methods described above to the motion artifact data. However, AMICA was not applied to this data due to the difficulty in interpreting component outputs in the absence of physiological signals. Instead, similar to Kline et al. (2015) , we focused our analysis on five channels evenly distributed around the head at the front (E11), back (A19), left (G12), right (C20), and top center (A1) (see Fig. 4A ).
The five remaining motion artifact channels were subjected to the same analysis pipeline as described for the EEG ICs. Specifically, we computed average log power spectrums for flat and incline walking for each channel and average relative timing of spectral power fluctuations for each channel in the theta (4 -7 Hz), alpha (8 -13 Hz), beta (14 -20 Hz), low gamma (21-55) and high gamma (65-150 Hz) frequency bands.
RESULTS
Peak muscle activity was greater for the incline condition compared with the level condition for most muscles (Table 1) . Soleus, medial gastrocnemius, rectus femoris, biceps femoris, and gluteus maximus EMG significantly increased during incline walking [P Ͻ 0.05, t (19) ϭ Ϫ13.97, t (19) ϭ Ϫ11.82, t (18) ϭ Ϫ5.45, t (9) ϭ Ϫ5.63, t (16) ϭ Ϫ2.76]. The peak amplitude of incline walking was between 210% (medial gastrocnemius) and 11.4% (tibialis anterior) greater than the peak value during level walking. Tibialis anterior peak muscle activity (Fig. 1A) did not change significantly between conditions. Muscle activity profiles across the gait cycle (Fig. 1) had a similar shape for each condition, with an increase in average muscle activity focused on specific periods of the gait cycle. The rectus femoris (Fig. 1D ) and gluteus maximus (Fig. 1F) tended to increase directly after ipsilateral heel strike. The medial gastrocnemius (Fig. 1B) and soleus (Fig. 1C) had greater activity in the incline condition surrounding pushoff (e.g., contralateral heel strike). The biceps femoris (Fig. 1E) showed increased activation during most of the stance phase (e.g., ipsilateral heel strike to ipsilateral toe off). The EMG waveforms and differences between flat and incline walking are consistent with the literature (Franz and Kram 2012; Lay et al. 2007 ). Values are group average peak normalized muscle activation for level and incline conditions (with 1 SD in parentheses). Results of paired t-tests on differences between conditions are presented, with significant difference (*) and no significant difference (-) between walking conditions shown.
Incline walking and level walking had significant differences in EEG spectral power that varied by cortical area and frequency band (Fig. 2B) . The most consistent change in spectral power across brain regions was in the theta range (4 -7 Hz). All clusters, except the right sensorimotor cortex, had greater theta power for incline walking compared with level walking. There was also a difference in spectral power between the conditions in high gamma-band (65-150 Hz). Both the anterior cingulate and the left sensorimotor cortex clusters had significant increases in high gamma power for level walking compared with incline walking. There were not widespread changes in alpha or beta spectral power between the two conditions (Fig. 2B) . Alpha range (8 -13 Hz) power in the anterior cingulate was slightly greater during incline compared with level walking (Fig. 2B) . A narrow band of low gamma power (near 30 Hz) for both the anterior cingulate and right sensorimotor region was greater during incline walking compared with level walking. Low gamma power (30 -70 Hz) in the left sensorimotor cluster was higher for level walking compared with incline walking.
We found significant theta spectral power fluctuations across the gait cycle for all clusters during both incline and level walking (Fig. 3) . Theta power had relative increases in double support periods (e.g., between LHS and RTO) and relative decreases during single support periods (e.g., between LTO and LHS).
Gamma-band power also had significant but sparse fluctuations across the gait cycle in all clusters. The posterior parietal cluster showed the most defined pattern in the gamma frequency band. Posterior parietal gamma power increased during double support and decreased during single support.
There were small periods of significant differences in theta and gamma power fluctuations when comparing level to incline walking. The anterior cingulate, medial sensorimotor, left sensorimotor, and right sensorimotor clusters showed greater theta synchronization during incline than level walking during periods of transition from swing to stance and vice versa. The posterior parietal cluster showed increased, broad gamma-band power during periods of single support and decreased, broad gamma-band power during double support phase when comparing incline to level walking. There were also less defined gamma-band spectral fluctuation differences in the anterior cingulate, medial sensorimotor, and the left and right sensorimotor clusters that followed a similar pattern as the differences in the posterior parietal.
While theta-band spectral power in the right and left sensorimotor cortices showed little lateralization, there were clear left vs. right differences in timing of alpha and beta spectral In the motion artifact data, there were no clear systematic difference in spectral power content between the incline and level walking conditions (Fig. 4) . Gamma power had very few fluctuations during the gait cycle for both conditions (Fig. 4C ). Alpha and beta power had some fluctuations, but neither condition was higher throughout the gait cycle, nor was there a consistent difference between conditions at a given point in the gait cycle for all electrodes. As expected, theta spectral power had the greater spectral power fluctuations, but the patterns were very different than the theta spectral power fluctuations from the EEG clusters (Fig. 3B ).
DISCUSSION
Our results indicated significant differences in electrocortical dynamics in young, healthy adults while walking on an incline compared with walking on the level. The differences between incline and level walking occurred in multiple cortical sources and occurred mostly in the theta (4 -7 Hz) and gammabands . Surprisingly, there was little difference in the alpha-(8 -13 Hz) and beta-bands (14 -20 Hz) between walking conditions.
Theta-Band Differences Between Conditions
In line with our hypothesis, when subjects walked on an incline, cortical theta-band (4 -7 Hz) power increased in the anterior cingulate, sensorimotor, and posterior parietal cortices compared with level walking. The increase in spectral power occurred throughout the entire gait cycle, with the largest differences occurring at heel strike and toe off during the gait cycle. This suggests that broadly distributed electrocortical changes occur during incline walking, with transitions between single and double support being the critical time periods. These transitions require adjustments in control strategy and biomechanical dynamics. Past studies have also found increased theta synchronization in motor task-related brain areas during demanding walking tasks compared with regular treadmill walking (Bulea et al. 2015; Sipp et al. 2013) . During beam walking, theta power was increased compared with normal treadmill walking in the anterior cingulate, anterior parietal, right sensorimotor, medial sensorimotor, and dorsolateral prefrontal cortices (Sipp et al. 2013) . In a speed-tracking task, theta power was increased compared with normal treadmill walking in the left premotor, right motor, and prefrontal cortices (Bulea et al. 2015) . Theta-band power was also found to be greater during more challenging stationary balance tasks, such as standing on an unstable vs. a stable surface (Slobounov et al. 2009; Hülsdünker et al. 2015) . In addition, Wagner et al. (2012) found that subjects had theta power increases at heel strike during slow walking in a harness and robotic gait assistance exoskeleton that appeared to be greater while the participant actively walked vs. passively allowing the robotic exoskeleton to move their limbs. Overall, these results show that theta power seems to increase with increasing motor demands, such as transitions between gait phases and during more demanding motor tasks. Other studies have explained increased theta activity as playing a role in monitoring of postural stability (Hülsdünker et et al. 2015) . The stability differences between flat and incline walking are unknown, but could be underlying the heightened cortical sensorimotor network activity during incline walking compared with level walking. Further experimentation needs to be done to specifically address this hypothesis.
Gamma-Band Differences Between Conditions
We also found gamma-band spectral power differences between incline and level walking. Incline walking had suppressed average gamma-band spectral power in the left sensorimotor and anterior cingulate electrocortical sources relative to level walking (Fig. 2) . However, there were greater fluctuations across the gait cycle in gamma-band spectral power in the posterior parietal cortex during incline walking (Fig. 3) . In a previous study from our laboratory, we found suppressed gamma-band spectral power in sensorimotor, anterior cingulate, and prefrontal cortices during balance beam walking compared with level treadmill walking (Sipp et al. 2013) . Additionally, other researchers found that low gamma activity was suppressed in the posterior parietal and premotor cortices during a walking task that required adaption steps in response to visual feedback and suggested that suppressed gamma-band power may indicate increased cortical engagement in the activity . These findings support the theory that average gamma-band activity seems to be suppressed during more challenging walking tasks, which aligns with our findings of decreased average gamma power in sensorimotor and anterior cingulate cortices during incline walking. Previous EEG recordings during movement suggest that gamma-band fluctuations facilitate kinesthetic feedback to the sensorimotor cortex during finger and upper extremity movement (Szurhaj and Derambure 2006) . Ball et al. (2008) found that high gamma-band power (60 -90 Hz) increased in the sensorimotor cortex at the beginning of movement and peaked near the end of movement during arm-reaching tasks, also suggesting gamma-band activity is related to sensory processing rather than motor planning. Additionally, past research on cats has implicated the posterior parietal and sensorimotor areas as being directly involved in interlimb coordination during locomotion Beloozerova and Sirota 1993; Drew et al. 2004 Drew et al. , 2008 Lajoie et al. 2010; Widajewicz et al. 1994) . Greater fluctuations in gamma-band spectral power across the gait cycle in the posterior parietal cortex during incline walking found here may represent changes in kinesthetic feedback related to increased muscle activity and differences in kinematics required to walk on the incline compared with level Fig. 3 . A: grand average, significance masked (P Ͻ 0.01) event-related spectral perturbations (ERSPs) for designated clusters for level (top), incline (middle), and level minus incline (bottom). Nonsignificant values were set to zero (green). B: line plots of spectral fluctuations averaged across discrete frequency bands. 1 SE envelope is plotted around the mean. All plots represent one gait cycle from RHS to RHS, with LTO, RTO, and LHS designated by dashed vertical lines. (Franz and Kram 2012; Gottschall and Kram 2006; Lay et al. 2006; Prentice et al. 2004; Sawicki and Ferris 2009) .
Alpha-and Beta-Band Differences Between Conditions
Contrary to our hypothesis, overall alpha-and beta-band power showed almost no difference between flat and incline walking in the sensorimotor cortices (Figs. 2B and 3B) . Several other studies have demonstrated decreased alpha-and betaband power during more demanding locomotor tasks (Bulea et al. 2015; Sipp et al. 2013; Wagner et al. 2012) , which has been associated with increased sensorimotor neuronal activity (Pfurtscheller and Lopes Da Silva 1999) . We expected that the increased muscular demand during incline walking (Franz and Kram 2012; Gottschall and Nichols 2011; Lay et al. 2007 ) might be reflected as decreased alpha-and beta-band EEG power. The similarity in alpha and beta power between incline and level walking suggests that much of the adjustment needed to walk on an inclined surface rather than a level surface is derived from subcortical structures (Dimitrijevic et al. 1998; Duysens and Van de Crommert 1998; Schneider et al. 2000; Simonsen et al. 1995; Sinkjaer et al. 1996) .
Lateralization of Alpha-and Beta-Band Power Fluctuations
Within the gait cycle, alpha-and beta-band power increased prior to and during ipsilateral double support in the left and right sensorimotor electrocortical sources in a highly lateralized manner (Fig. 3A) . The pattern of alpha-and beta-band power fluctuations in the left and right sensorimotor cortices was very similar, but phase shifted 180°temporally. Similar alpha-and beta-band power modulations have been found during locomotor tasks in other studies Severens et al. 2012; Sipp et al. 2013) . Petersen et al. (2012) demonstrated that the cortical drive to the muscles fluctuates with the gait cycle. The lateralization of the alpha-and betaband power fluctuations may be an indication of fluctuations in the engagement of the sensorimotor cortices at certain periods of the gait cycle.
Limitations
It is important to note that mechanical artifact during human movement can affect scalp EEG recordings. Castermans et al. (2014) recently demonstrated that, under certain recording conditions with passive electrodes, there were walking-related artifact effects, especially in delta-bands (0 -3 Hz) and subsequent harmonics. They concluded from their data that faster walking speeds increased the movement artifacts in the EEG signal. This type of movement artifact likely depends greatly on the type of electrodes, amplifier hardware, and signal processing techniques used in the data collection and analysis. Our reliance on a relatively slow walking speed (0.75 m/s), use of active, wet electrodes (Nonclercq and Mathys 2010) , and data processing with IC analysis (Oliveira et al. 2015) helps to attenuate movement artifact during human walking. The ERSPs presented in this study reflect changes in spectral power for ICs rather than scalp channel data. A comparison of Fig. 3 ERSPs and the ERSPs from Castermans et al. (2014) reveals Fig. 4 . A: head model depicting the 5 channel locations used for assessing motion artifact in the follow-up experiment. Channels are aligned with a BioSemi 256 channel headcap model (http://biosemi.com/headcap.htm). B: channel power spectrum for level and incline walking (blue and red lines, respectively). Blue shading indicates significantly greater power during level compared with incline walking; red shading indicates significantly greater power during incline compared with flat walking (P Ͻ 0.05). C: similar to Fig. 3B , the line plots depict spectral fluctuations across the gait cycle for each channel (columns) across discrete frequency bands (rows). 1 SE envelope is plotted around the mean frequency power. All plots represent one gait cycle from RHS to RHS, with LTO, RTO, and LHS designated by dashed vertical lines. clear differences. We performed an additional experiment using a method for characterizing artifact for our specific study parameters (Kline et al. 2015) . The results of the motion artifact experiment did not demonstrate spectral fluctuation patterns similar to those found in the actual EEG data. This provides further evidence that the differences presented in this study are most likely of neural origin rather than motion artifact. However, we must be cautious in interpreting these results, as the effect of the artifact on the EEG activity is not directly quantified here. All experimental data have some noise components within the data that researchers try to minimize. We do not expect that our EEG data during human walking are completely devoid of movement artifact. Future research needs to focus more on quantifying the extent of movement artifact in EEG data during human walking and testing artifact extraction methods.
Conclusions
In summary, we found significant differences in cortical spectral power between level and incline walking, especially in the left sensorimotor, anterior cingulate, and posterior parietal theta-band power. These brain regions have been previously implicated as relating to sensory processing and integration during human locomotion. Changes in theta-band EEG power in the absence of changes in alpha-and beta-band power during incline walking relative to level walking may indicate that subcortical structures are involved in increased motor demands, while the cortex is at a heightened state for monitoring somatosensory feedback. Importantly, these results also suggest that EEG may be sensitive enough to detect cortical changes associated with traversing on varying terrains, which is critical if noninvasive neuroimaging techniques are to be leveraged for brain-computer interface-controlled exoskeletons for walking.
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